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ABSTRACT The performance of change detection between synthetic aperture radar (SAR) images mainly
depends on the selection and utilization of image attributes. Nevertheless, most existing change detection
approaches merely take the intensity attribute into consideration, constraining their capacities of detecting
changes in complex situations. To solve this problem, this study develops an unsupervised SAR image change
detection approach based on heterogeneous graph with multi-attributes and multi-relationships. First, the
structural attribute, obtained by removing the complex texture, can be used to reflect the overall features of
a SAR image. A heterogeneous graph is then constructed to encode the structural and intensity attributes as
vertices, and two types of edges are hence connected to capture the intra-relationships and inter-relationships
from these different attributes. With the support of this graph, the hyper-adjacency characteristics are
proposed to quantify themulti-relationships and describe the global heterogeneous information. Constructing
heterogeneous graphs respectively on bi-temporal SAR images, the changes of both intensity and structural
attributes can be measured via comparing the hyper-adjacency characteristics of the bi-temporal graphs,
thereby generating a difference image with good separability. Finally, the change map is obtained by cutting
off the weakly related edges of heterogeneous graph on the difference image. Experiments on four real
SAR datasets prove the effectiveness of the proposed graph-driven approach in improving the accuracy and
robustness of change detection.

INDEX TERMS Change detection, synthetic aperture radar, heterogeneous graph, multi-attributes, multi-
relationships, hyper-adjacency characteristic.

I. INTRODUCTION
Synthetic aperture radar (SAR) is a significant and sta-
ble information source for remote sensing research due
to its imaging independence of any sunlight azimuths and
atmospheric environment [1]. In recent years, SAR image
change detection technology, which identifies changes via
analyzing bi-temporal SAR images covering the same geo-
graphical region, has caused increasingly more attention [2].
This technology always plays an important role in many
earth observation applications, such as environmental assess-
ment [3], urban planning [4], agricultural survey [5] and
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disaster monitoring [6]. Nevertheless, the inherent speckle
noise restricts the development of SAR image change
detection.

In general, SAR image change detection technology falls
into two main categories, including supervised approaches
and unsupervised approaches [7]. Among them, most of these
supervised approaches start by classifier training using amass
of labeled data, and then the trained classifier is used to
predict the change detection results [8]. The unsupervised
approaches can directly measure the change level of candi-
date images without any prior information. Therefore, schol-
ars are more inclined to adopt the unsupervised approaches
rather than supervised ones because of the burdensome data
labeling in practical applications [9].
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For unsupervised patterns, change detection between
bi-temporal SAR images generally involves three pivotal
steps [10]: (1) images preprocessing, (2) difference image
generation and (3) difference image analysis. In the first
step, radiometric correction and co-registration technology
are applied to align bi-temporal SAR images to the same
spectral domain and spatial domain. The second step is to
generate a difference image which can reveal various clues
about the real changes through comparing the attributes of
bi-temporal images. What follows is dividing the difference
image into unchanged and changed regions using binary
classification approach. In fact, the quality of the change
detection relies on the separability of difference image and the
accuracy of classification.With the presence of speckle noise,
however, satisfactory results for difference image generation
and difference image analysis are usually hard to acquire.

Generating a difference image with good separability is
an important premise for SAR image precise change detec-
tion. The key issue here is how to accurately describe the
change levels of SAR images under the negative impact
of speckle noise. In this context, compared to subtraction
operator, the ratio operator is more suitable for SAR image
change detection tasks since the inherent speckle noise obeys
the multiplicative model [11]. Moreover, the log-ratio oper-
ator, developed by introducing logarithm operation to the
ratio operator, can not only convert the multiplicative noise
into additive noise, but also compress the range of ratio
difference [12]. These pixel-based approaches are decent
choices for change detection if the SAR images are not
disturbed by the randomness of noise. To further suppress
the speckle noise interference during SAR image change
detection, the mean-ratio operator, which measures changes
through contrasting the means of bi-temporal pixel patches,
is also applied [13]. Nevertheless, this approach cannot accu-
rately reflect changes when the compared patches possess
the same means but diverse textures. To solve this prob-
lem, scholars propose to calculate the local statistics of
patches by using probability density functions, and employ
the Kullback-Leibler divergence as a distance function for
change measure [14]. Inspired by the idea of non-local mean
filtering [15], scholars also adopt the similarity of patches to
measure changes, and thus generating a smooth difference
image [16]. In fact, these patch-based approaches still have
room for development in boundary description of changed
areas. Therefore, authors propose a neighborhood-based
change detection approach, which consists of pixel-based and
patch-based operators. Meanwhile, they apply the local vari-
ance to adjust the dominance of operators, thereby improving
the integrality of changes [17]. Then, the authors employ
image fusion strategy to synthesize the complementarity of
different operators, acquiring a difference image with high-
lighted changed regions [18]. The approaches above are cer-
tainly effective for speckle suppression, but it is difficult for
them to generate difference image with good separability, as
only intensity attribute is utilized. Although some scholars
have tried to use the textural [19] or structural [20] attribute

to improve the presentation of changes, the separability of
their difference images remains insufficient because of single
attribute utilization. Therefore, there is an urgent need to
develop a multi-attribute joint approach for difference image
generation.

Difference image analysis is mainly to obtain a change
map by dividing the generated difference image into changed
and unchanged portions. It is essentially a binary classifica-
tion problem, so that many promising algorithms in image
segmentation field can be transferred to difference image
analysis. Among them, automatic thresholding approach is
often utilized to rapidly binarize the pixels of difference
image [21]. However, thresholding cannot always ensure
the accuracy of binary classification, because the statistical
model is difficult to exactly describe the intensity distribu-
tion of SAR image. Some scholars suggest to take advan-
tage of fuzzy c-means (FCM) clustering to generate the
change map [22]. Considering the sensitivity of the stan-
dard FCM to speckle noise, scholars introduce the neighbor
information into the algorithms to improve the robustness of
change detection [23]. These clustering algorithms have the
advantage of not requiring to create statistical models, but
they are often trapped at locally optimal values due to the
application of only a single objective function. Therefore,
an artificial immune multi-objective clustering algorithm is
proposed to search for the optimal clustering centers of pix-
els, labeling them as changed or unchanged [24]. Recently,
authors employ the FCM clustering to automatically obtain
pseudo-labels, and select the samples with higher probabili-
ties to be changed and unchanged for classifier training [25].
Hereafter, the trained deep learning networks are applied
to divide the difference image into changed and unchanged
classes [26]. These approaches tend to yield superior change
maps, since prior information is utilized to train the classi-
fier. However, there are also some limitations, like random
sampling would lead to unstable results, and completely
reliable prior information is hard to acquire in regions with
ambiguous probabilities. At present, spatial context infor-
mation has received wide attention in SAR image change
detection research due to the fact that the changes of pixels
are locally correlative. In [27], a modified Markov random
field (MRF) model, which combines the nonlocal means
similarity weights, is proposed to preserve spatial details and
reduce speckle effects in urban change detection. Moreover,
researchers apply the multiple kernel graph cuts to extract the
changed areas on high-dimensional feature space [28]. For
purpose of establishing a broader context relation, the stereo-
graph cuts algorithm is constructed between bi-temporal SAR
to generate a smooth change map [29]. In summary, utilizing
spatial relationships is an effective way to improve the perfor-
mance of change detection. Nevertheless, approaches above
focus on exploring the spatial context relationship of a single
attribute, which constrains the sensitivity of detecting object
changes in complex scenes. Therefore, the intra-relationships
and inter-relationships of different attributes should be taken
into consideration when performing change detection tasks.
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To solve the problems mentioned above, a novel SAR
image change detection approach based on heterogeneous
graph with multi-attributes and multi-relationship is pro-
posed. The main contributions are as follows.

(1) A heterogeneous graph is constructed to realize the
multi-attributes description about the terrain in a SAR image.
In the heterogeneous graph, the intensity and structural
attributes are incorporated into vertices, and the multiple
relationships of these attributes can be expressed as edges.

(2) A hyper-adjacency matrix is generalized to quantify
the intra-relationships and inter-relationships of different
attribute vertices, and then the hyper-adjacency characteristic
is derived to describe the global heterogeneous information
of the graph. The changes of different attributes can be both
measured via comparing the hyper-adjacency characteristics
of the bi-temporal graphs, thereby generating a difference
image with good separability.

(3) A heterogeneous graph cuts algorithm is proposed for
difference image analysis. Themin-cuts guided by a powerful
energy function is implemented to cull the weakly related
edges of heterogeneous graph on the difference image. There-
fore, a changemap possessing smooth inner-regions and clear
boundaries can be obtained.

II. MATERIALS AND METHODS
Denote the bi-temporal SAR images as I1 and I2. They cover
the same geographical region but are observed at different
times, t1 and t2, respectively. This paper utilizes the het-
erogeneous graph to comprehensively describe the surface
information from SAR images in terms of intensity and
structural attributes. Then, the difference image is generated
by matching the heterogeneous graphs from the bi-temporal
SAR images. Finally, heterogeneous graph cuts algorithm
is applied to obtain the change map. The flowchart of the
proposed approach is shown in Fig. 1.

A. STRUCTURAL EXTRACTION FROM SAR IMAGE VIA
RELATIVE TOTAL VARIATION
In general, an image can be regarded as the superposi-
tion of textural component and structural component [30].
Among that, textural component refers to the oscillation
of image details such as locally repeated features and fine
fragments. Structural component represents the piecewise-
constant blocks of images, including contours and homoge-
neous regions. These components show significantly distinct
characteristics during processing and analyzing of images.
It is interesting that human vision system has the capacity to
understand images while regardless of the textures [31]. Psy-
chological research also shows that human perception usually
ignores individual details of an image but focuses on its
overall structural features [32]. For a SAR image, its inherent
speckle noise can be regarded as a kind of irregular texture.
Based on above analysis, the relative total variation (RTV)
approach is employed to extract structural component from
a SAR image in the presence of complex texture (speckle
noise), and apply it to change detection tasks.

In the RTV model, the structural image S is acquired via
solving the following objective function:

argmin
s

N∑
i=1

(Si − Ii)2 + λ ·
(

Dx(i)
Lx(i)+ ε

+
Dy(i)

Ly(i)+ ε

)
(1)

where I is the input SAR image and N is its total number of
pixels. λ is a free parameter to tune the smoothness of RTV.
ε is a small positive number to avoid the denominator being
zero. The former term of the function ensures that the input
SAR image I and output structural image S are as similar as
possible, and the latter one makes sure that the textures can
be removed with main structures retained.

In detail,Dx andDy are thewindowed total variations along
the x and y axes, respectively. They represent the absolute
variations of the local window R(i), and can be calculated by

Dx(i) =
∑

j∈R(i)
gi,j ·

∣∣(∂xS)j∣∣ (2)

Dy(i) =
∑

j∈R(i)
gi,j ·

∣∣(∂yS)j∣∣ (3)

where j represents a neighbor around pixel i within the win-
dow R(i). ∂xS and ∂yS are respectively the partial derivatives
along x and y directions in the structural image S. gi,j is the
two-dimensional Gaussian kernel function for weighting, and
can be expressed as

gi,j = exp

{
−
(xi − xj)2 + (yi − yj)2

2σ 2

}
(4)

where parameter σ is the variance of the window R(i).
Differently, Lx and Ly represent the windowed inherent

variations along x and y directions, respectively, and they
capture the overall variations. They can be calculated by

Lx(i) =
∑

j∈R(i)

∣∣gi,j · (∂xS)j∣∣ (5)

Ly(i) =
∑

j∈R(i)

∣∣gi,j · (∂yS)j∣∣ (6)

The separated structural component of SAR image, S, can
be obtained via minimizing (1). More detailed solution pro-
cedures are available in [32].

B. HETEROGENEOUS GRAPH CONSTRUCTION BASED ON
INTENSITY AND STRUCTURAL ATTRIBUTES
Heterogeneous graph, containing diversified types of vertices
and edges, are capable of integrating different attributes and
describing multiple relationships [33]. Therefore, this paper
takes advantage of the heterogeneous graph to jointly express
the characteristics of intensity and structural attributes from
SAR image, and carry out change detection research.

The intensity and structural attributes are incorporated
into vertices, and the vertices are closely connected, thereby
heterogeneous graph can be constructed. Formally, denote
HG = {V, EII, ESS, EIS, ESI, ωII, ωSS, ωIS, ωSI} as hetero-
geneous graph, then it can be represented as:

V = I ∪ S; |V| = 2N (7)

EII =
{
(Ip, Iq); Iq ∈ CN (Ip)

}
(8)
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FIGURE 1. Flowchart of the proposed graph-driven approach.

ESS =
{
(Sp, Sq); Sq ∈ CN (Sp)

}
(9)

EIS =
{
(Ip, Sq); Sq ∈ Sp ∪ KNN(Sp)

}
(10)

ESI =
{
(Sp, Iq); Iq ∈ Ip ∪ KNN(Ip)

}
(11)

where V represents the vertex set, which consists of the
pixels from both SAR image I and the extracted structural
component S. Ip is an intensity vertex located at the position
(x, y), so is Sp as a structural vertex. KNN(Ip) represents
the set of adjacent vertices around Ip under the K nearest
neighbor rule in spatial domain. CN(Ip) is the set of coupling
neighborhood [34] around Ip, and can be obtained by

CN(Ip) =
{
N1<n,M>(Ip) ∪ N2<n,M>(Ip)

}
(12)

whereN1<n,M>(Ip) represents theM most similar neighbours
around vertex Ip within n × n window from the first SAR
image, so is N2<n,M>(Ip) from the second SAR image
EII represents the intra-connection of intensity vertices.

In order to reduce the interference of speckle noise, the non-
iteration probabilistic patch-based weight [35] is introduced
to quantify the intra-connections. Then, the ωII is calculated
via comparing the two patches around the vertices Ip and Iq,
and can be expressed as:

ωII(Ip, Iq) = exp
{
−
1
k

∑
log

1
2

(
Ip,k
Iq,k
+
Iq,k
Ip,k

)}
(13)

where Ip,k and Iq,k are the k-connected neighbours in the two
patches, respectively.

ESS represents the intra-connection of structural vertices.
Since the speckle noise is removed by RTV model, the
weight ωSS is computed by one-dimensional Gaussian kernel
function:

ωSS(Sp, Sq) = exp

{
−

∥∥Sp − Sq∥∥2
2σ 2

}
(14)

FIGURE 2. The diagram of heterogeneous graph.

where σ represents the standard deviation of the KNN(Sp) set
in the structural layer.

EIS and ESI represent the inter-connection of the dif-
ferent attribute vertices, and the weights ωIS and ωSI are
defined as:

ωIS(Ip, Sq) = β (15)

ωSI(Sp, Iq) =
1
β

(16)

where β is a bias parameter to adjust the predominance of
attributes, and is often set to 1 to represent the equilibrium of
attribute utilization.

A simple example of heterogeneous graph is given in
Fig. 2. In summary, we construct heterogeneous graph with
two types of edges (intra-connection and inter-connection)
under the different neighbor rules, and allocate four kinds of
weights to them. Relying on the graph, the complete charac-
teristic information of SAR image can be extracted, which is
beneficial for change detection.
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C. DIFFERENCE IMAGE GENERATION USING
HETERO-GENEOUS GRAPH WITH HYPER-ADJACENCY
MATRIX
Within a weighted graph, the adjacency matrix W is a quan-
tified representation for inner relationships of vertices, being
defined as

W =

{
ω(p, q), ∀(p, q) ∈ E
0, otherwise

(17)

As the adjacency matrix W is obtained, the adjacency
characteristics of weighted graph can be obtained as follows:

(Wf )(p) =
∑
q∼p

ω(p, q)f (p) (18)

where f= {f (p), p = 1 . . .N} is the feature attribute of graph
vertices. In a graph, vertices diffuse their information to the
neighbors and receive information diffused from others at the
same time. Therefore, Wf(p) characterizes the concentration
of information from neighboring vertices to the studied vertex
p. Further, the characteristic Wf can be also considered as
a filtering operator performed in the graph vertex domain,
which is promising for speckle suppression. Therefore, the
hyper-adjacency matrix P is presented to describe multiple
relationships of heterogeneous graph, and is expressed as:

P =
[
WI,I WI,S
WS,I WS,S

]
(19)

There are two types of edges in the heterogeneous graph,
thus the matrix P contains two types of sub-matrices: intra-
adjacency matrices (WII, WSS) and inter-adjacency matrices
(WIS, WSI). Among that, the intra-adjacency matrices indi-
cate the relationships between vertices of intra-connections,
and the inter-adjacency matrices express the relationships
between the vertices of inter-connections. The values of
sub-matrix elements can be acquired according to the four
kinds of weights within the heterogeneous graph.

Constructing two heterogeneous graphs with the same
topology on bi-temporal SAR images, the change measure
can be converted to a match of the multi-attribute vertices
and multi-edges within the two graphs. On the basis of
hyper-adjacency matrix P, the hyper-adjacency characteristic
Pf is derived to calculate the similarity of heterogeneous
graphs:

CM=max
{(∥∥Pt1 ft1 ./Pt2 ft2∥∥1) , (∥∥Pt2 ft2 ./Pt1 ft1∥∥1)} (20)

where f t1 = [vec(It1), vec(St1)]T is the joint attribute vector
of the graph vertices, consisting of intensity and structural
attributes from the first SAR image, and so is f t2 from the
second SAR image. vec(·) is the operation of converting a
matrix into a row vector, and || · ||1 represents the L1-norm
calculated by regarding the sub-matrices as elements.

D. DIFFERENCE IMAGE ANALYSIS BASED ON
HETER-OGENEOUS GRAPH CUTS
After difference image is generated, change detection can be
converted to a binary classification problem. Here, the idea of

graph cuts [36] are employed to divide the difference image
CM into unchanged and changed regions. A heterogeneous
graphHGCM is constructed onCM based on the definition in
section II-B. In detail, the heterogeneous cuts (HGC) should
be implemented in accordance with the multivariate Gaussian
model [37], since each vertex contains both intensity and
structural attributes. Therefore, a novel energy function is
proposed for optimizing HGC, and can be defined as:

ψ (l) =
∑
p∈V

Dp
(
lp
)
+

∑
(p,q)∈E

U
(
lp, lq

)
(21)

Dp(·) is the data constraint term driven by the observed fea-
tures, representing the cost to allocate a label lp (unchanged
or changed) to the vertex p. It can be calculated via utilizing
the negative log-likelihood

Dp(lp) = − ln Pr(zp|θl) (22)

where zp = {Ip, Sp}, is a two-dimension feature vector
consisting of the intensity and structural attributes. θl is a
parameter vector of the multivariate generalized Gaussian
model associated with label lp. Pr is the probability that vertex
p belongs to label lp, and can be expressed as

Pr(zp|θl) =
1

(2π )d/2
∣∣∑

l

∣∣1/2
× exp

(
−
1
2
(zp − µl)T

∑−1

l
(zp − µl)

)
(23)

where d is the dimension of observed features and set to 2.
µ denotes the mean vector, and

∑
represents the covariance

matrix. Both of them can be learned based on the expectation-
maximization algorithm [38].
U (·) is the spatial constraint term which penalizes the

discontinuity between the labels lp and lq, and is expressed
as

U (lp, lq) = δ(lp, lq)Cor(zp, zq) (24)

δ(lp, lq) =

{
1, lp 6= lq
0, lp = lq

(25)

where Cor(·) denotes the correlation between adjacent vec-
tors zp and zq. Since the heterogeneous graph has multi-type
edges, the Cor(·) can be expressed as:

Cor(zp, zq) =
∑

q∈JN(p)

ω∗∗(p, q) (26)

where JN(p) is the union of the neighborhood sets KNN(p)
and CN(p). The ω∗∗ derives from the weights of heteroge-
neous graph, which is defined in (13)-(16). Figure 3 presents
a simple diagram to illustrate how to calculate the adjacent
correlation Cor(·). In general, the value of Cor(·) depends on
the amount and type of edges between the vertices that zp and
zq correspond to.
The schematic diagram of heterogeneous graph cuts is

shown in Fig. 4. Two terminal nodes, T (sink) and S (source),
are embed into the heterogeneous graph to represent the
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FIGURE 3. The diagram of adjacent correlation Cor(·).

FIGURE 4. The diagram of heterogeneous graph cuts.

unchanged and changed labels, respectively. Therefore, the
heterogeneous graph cuts involve two types of links: T-link
and N-link. The T-link represents the connection between
the vertex and the terminal nodes, and is driven by data
term Dp(·). The N-link connects the adjacent vertices and
represents the multiple context relationships. The cost of
each N-link is assigned by the spatial constraint term U (·),
which reflects the correlations of feature vectors for different
vertices. The introduced optimization algorithm can automat-
ically seek for the minimal cuts [36].

III. EXPERIMENTAL AND ANALYSIS
In this section, two evaluation experiments based on real SAR
datasets are carried out to verify the effectiveness of the pro-
posed graph-driven change detection approach. First, in the
forms of grayscale images, the generated difference image is
qualitatively compared with the ones derived from MR [13],
NR [17], CDI [18], DWT [39] and NLMR [16] approaches.
Then, applying the KI threshold [40] to obtain change maps,
and validating the performance of six difference image gener-
ation approaches through quantitative evaluation. Finally, the
PCA-K [41], ITDI-GC [42], MSFCM [43] MRFFCM [44],
and PCANet [26] are adopted to comparatively evaluate the
effectiveness of the graph-driven change detection approach.

A. EXPERIMENTAL SETUP
The control experiments are conducted here by using the
real SAR datasets from different sensors, which are pre-
sented in Fig. 5-8. Each SAR dataset contains the bi-temporal
images which co-registers at one-pixel level, and the imaging

FIGURE 5. Bi-temporal SAR images of Ottawa dataset. (a) Image collected
in July 1997. (b) Image collected in August 1997. (c) Ground truth.

FIGURE 6. Bi-temporal SAR images of San Francisco dataset. (a) Image
collected in August 2003. (b) Image collected in May 2004. (c) Ground
truth.

FIGURE 7. Bi-temporal SAR images of Lu’an dataset. (a) Image collected
in July 2015. (b) Image collected in October 2015. (c) Ground truth.

information is given in Table 1. The parameter setting is
presented as follows. Generically, the parameters of CN are
set toM = 15 and n = 7, and the parameter of KNN is set to
K = 8. The connected neighbor ofωII is set to k = 8 according
to [40]. It is recommended to select large values for these
parameters when the SAR images show high noise level.
The parameters of other approaches are set based on their
own articles. Experiments are executed by matrix laboratory
2019 on a machine Intel 3.60 GHz, 16.00 GB memory.

B. EVALUATION CRITERIA
As the datasets have their ground truths, the experimental
results can be quantitatively assessed. Denote N as the total
number of pixels in the binary ground-truth image. We count
the actual number of pixels with regard to the unchanged class
(Nu) and the changed class (Nc), respectively. Then, some
classic criteria are employed for quantitative analysis:
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FIGURE 8. Bi-temporal SAR images of Huai River dataset. (a) Image
collected in June 2017. (b) Image collected in September 2017. (c) Ground
truth.

TABLE 1. Imaging information of real SAR datasets.

• true positives (TP): the number of changed pixels cor-
rectly detected;

• true negatives (TN): the number of unchanged pixels
correctly detected;

• false positives (FP): the number of unchanged pixels that
are mistakenly detected as changed ones;

• false negatives (FN): the number of changed pixels that
are mistakenly detected as unchanged ones;

• false alarm rate (FA): the proportion of false positives
(FP) and the actual unchanged pixels (Nu);

• good detection rate (GD): the proportion of true posi-
tives (TP) and the actual changed pixels (Nc);

More detail, the percentage correct classification (PCC) and
kappa coefficient (κ) serve as the criteria for comprehensive
evaluation, and the definitions are presented as follows:

PCC = TP+ TN (27)

κ =
TP+ TN − PRE

1− PRE
(28)

where

PRE =
(TP+ FP) ∗ Nc+ (FN + TN ) ∗ Nu

N 2 (29)

C. PERFORMANCE ANALYSIS OF DIFFERENCE IMAGE
GENERATION BASED ON HETEROGENEOUS GRAPH
This experiment is conducted to evaluate the validity of the
proposed heterogeneous graph (HG) for difference image
generation. The first dataset is collected by the RADARSAT

sensor in different dates over the Ottawa city. It consists
of bi-temporal SAR images, shown in Fig. 5(a) and (b),
which reflect the backscattering changes about floods ris-
ing and retreating. The difference images generated from
the six approaches (MR, NR, CDI, DWT, NLMR and the
proposed HG) are presented in Fig. 9. Correspondingly, the
change maps obtained by KI thresholding are also exhib-
ited. As observed, the MR and NR approach generate messy
difference images, and thus the change maps present many
spots in the unchanged regions. The NLMR gives a smooth
change measure results, but the pixels located at the edges
of the changed regions present low intensity, resulting in the
miss detection. The result of DWT also lacks accuracy in
the boundary areas since the difference image is coarse. The
change measure results of CDI and HG are satisfactory as
their difference images appear a good separability. Moreover,
in the changed regions, there is a large overlap between the
change map of HG and the ground truth. The quantitative
estimation for the six change maps is shown in Table 2. The
proposed HG approach shows the lowest false negative, just
535. Meanwhile, the criteria of PCC and κ are superior to
others.

The second dataset consists of bi-temporal SAR images
observed by European Remote Sensing satellite over the
San Francisco city. Some areas are newly irrigated, caus-
ing the changes of backscatter in SAR images, which show
in Fig. 6(a) and (b). Six difference images are exhibited
in Fig. 10. Among them, the images of MR, NR, DWT
and NLMR all present three main partitions, including
unchanged land, unchanged water and changed irrigation
areas. Due to that these approaches take the ratio opera-
tor as the inner-kernel to measure changes, the differences
of low-intensity areas are amplified. The unchanged water
areas are thus mistakenly highlighted, generating unsat-
isfactory difference images. Intuitively, different amounts
of spots appear in the background area of their change
maps, as Fig. 10(a), (b), (d) and (e) show. The CDI and HG
approaches overcome above problems respectively by com-
bining different operators or introducing multiple attributes,
making their difference images show specific binarization
trends. Meanwhile, the difference image derived from the
proposed HG is flatter than that from CDI in unchanged
land areas, as shown in Fig. 10(c) and (f). The corresponding
change map of HG is, of course, most similar to the ground
truth. Table 3 presents the quantitative results of six change
measure approaches. The HG clearly outperforms other ones
in term of all criteria.

The third dataset is observed by the Sentinel-1A sensor.
The contained bi-temporal SAR images describe surface
changes around the Lu’an City. The results of six change
measure approaches are shown in Fig. 11. It is easy to see that
the change maps of MR, NR, CDI and DWT all contain many
isolate spots, this is because the background areas of their
difference images are chaotic. The NLMR approach is good
at exhibiting regional integrity but poor at boundary descrip-
tion, so it gets a high miss detection. The proposed approach
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FIGURE 9. Difference images (first row) and change maps (second row) of six change measure approaches on Ottawa dataset. (a) MR (b) NR.
(c) CDI. (d) DWT. (e) NLMR. (f) HG.

FIGURE 10. Difference images (first row) and change maps (second row) of six change measure approaches on San Francisco dataset. (a) MR
(b) NR. (c) CDI. (d) DWT. (e) NLMR. (f) HG.

TABLE 2. Results of change measure on Ottawa datasets.

can generate a difference image with good separability, and
the change map can reflect real changes, as the visual effect
of background area is suppressed. In quantitatively, the pro-
posed HG approach gains the lowest FP and the highest κ .
The Huai River dataset is collected by the GaoFen-3

SAR sensor at different periods, which shown in Fig. 8.

TABLE 3. Results of change measure on san Francisco datasets.

The contained bi-temporal SAR images describe the changes
of land-cover around Huai River in the flood and dry sea-
sons, respectively. The difference images and change maps
obtained by the six experimental approaches are exhibited
in Fig. 12(a)-(e). As can be seen that the unchanged areas
in MR, NR and DWT are uneven, which cannot distinguish
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FIGURE 11. Difference images (first row) and change maps (second row) of six change measure approaches on Lu’an dataset. (a) MR (b) NR. (c) CDI.
(d) DWT. (e) NLMR. (f) HG.

TABLE 4. Results of change measure on Lu’an datasets.

TABLE 5. Results of change measure on Huai River datasets.

the unchanged and changed regions very well. Therefore,
many unchanged pixels are incorrectly detected as changed
ones, resulting a high false detection. The result of NLMR
approach, shown in Fig. 12(e), is too smooth to accurately
describe the details of changed areas. The unchanged areas
in the difference image of CDI appear to be flat, while the
changed areas are dim. In Fig. 12(e), the difference image
generated by HG shows good separability, despite it is a little
bit dark. In the aspect of quantitative analysis, the change
map generated from HG is superior to the ones from other
approaches, especially in the criteria of FP and κ . These

TABLE 6. Results of change detection on Ottawa datasets.

results affirm the performance of HG approach in measuring
changes.

In fact, the proposedHG always gets themost time cost due
to the complexity of the heterogeneous graph, but it seems
acceptable considering the improvement of change detection
accuracy.

D. PERFORMANCE ANALYSIS OF CHANGE DETECTION
BASED ON HETEROGENEOUS GRAPH CUTS
A contrastive analysis among heterogeneous graph cuts
(HGC), PCA-K,MSFCM,MRFFCM, ITDI-GC and PCANet
approaches is carried out in the second experiment, aiming to
verify the performance of HGC for change detection tasks.
Six change maps of Ottawa dataset are shown in Fig. 13, and
the quantitative criteria are exhibited in Table 6. The change
map of PCA-K is smooth enough with less occurrence of
isolated pixels. Nevertheless, its changed regions within the
red box are patchy, which results in a highmiss detection. The
MRFFCM presents coarse results around the boundary, caus-
ing high false detection. In contrast, the ITDI-GC approach
presents overly smoothness, so that the small unchanged
regions are corroded, which shown in Fig. 13(d). Excessive
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TABLE 7. Results of change detection on san Francisco datasets.

TABLE 8. Results of change detection on Lu’an datasets.

TABLE 9. Results of change detection on Huai River datasets.

TABLE 10. Ablative experiment results on Ottawa dataset.

boundary changes are detected by the MSFCM approach,
thus reducing the accuracy. The change maps of PCANet and
HGC can reflect most changes, while the map of HGC is
more approximate to the ground truth than that of PCANet.
From the statistics, the proposed HGC shows an outstanding
performance compared with other approaches.

Figure 14 gives the results of six approaches on San Fran-
cisco dataset. The change map MRFFCM presents many
spots in the unchanged areas. The changed regions of
PCANet result is fine but some spots are appeared in the
unchanged regions. The PCA-K, MSFCM, ITDI-GC and
HGC approaches are capable of speckle suppression as their
change maps show regional integrity in both changed and

unchanged regions. However, the results of PCA-K and ITDI-
GC present a tendency of high miss-detection, the result
of HGC shows an equilibrium between FN and FP. From
Table 7, the highest κ is acquired byHGC,which canmanifest
its superiority.

The change detection results on Lu’an dataset are exhib-
ited in Fig. 15 and Table 8. The change map of MRF-
FCM is dizzying, since many isolated pixels are incor-
rectly detected in unchanged regions. The results of PCA-K,
MSFCM and ITDI-GC are flat, except for the slightly
appeared miss-detection in the upper right changed regions.
The PCANet approach appears an extreme bias on the Lu’an
dataset, resulting in a very high miss-detection. In the tra-
ditional unsupervised pattern, HGC produces a satisfactory
change detection result. The integrality of changed region and
the smoothness of unchanged region are both appeared in its
change map, and thus HGC gains the highest criteria κ .
Six change maps of Huai River dataset are presented in

Fig. 16. The results of MRFFCM is poor, since its change
map is messy. Many unchanged pixels are misidentified
as changed ones. In contrast, the change maps of PCA-K,
MSFCM and ITDI-GC show flat areas, obtaining less false
detections. A similar bias of PCANet approach also appears
on the Huai River dataset. This shows the instability of
automatic samples labeling. The proposed HGC approach
presents the ability of accurate detection at the river bed
boundaries. From Table 9, the highest κ is gained by HGC,
verifying the effectiveness of the proposed graph-driven
strategy.

E. ABLATIVE EXPERIMENT
This experiment is conducted to evaluate the independent
performance of the proposed heterogeneous graph cuts. Abla-
tive experiments on Ottawa dataset through MR-KI (MR
difference image with KI threshold), MR-GC (MR difference
image with traditional graph cuts), MR-HGC (MR difference
image with heterogeneous graph cuts), HG-KI (HG differ-
ence imagewithKI threshold), HG-GC (HGdifference image
with traditional graph cuts) and HG-HGC (HG difference
image with heterogeneous graph cuts) approaches are carried
out. The qualitative and quantitative evaluations are presented
in Fig. 17 and Table 10, respectively. It is observed that GC
and HGC gain smoother and more accurate results than KI
threshold on bothMR andHGdifference images.Meanwhile,
the κ of HGC is higher than GC. This proves a better perfor-
mance of HGC for difference image analysis. However, the
results of MR-HGC are still lower than those of HGC-KI.
It indicates that the difference image generation based on
HG contributes more to improving the accuracy of change
detection in this study.

IV. DISCUSSION
Scholars usually improve the performance of change detec-
tion approaches from two aspects: change measure and
change analysis. Among that, the core issue of change mea-
sure is how to reduce speckle noise and accurately describe
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FIGURE 12. Difference images (first row) and change maps (second row) of six change measure approaches on Huai River dataset. (a) MR (b) NR.
(c) CDI. (d) DWT. (e) NLMR. (f) HG.

FIGURE 13. Change maps of experimental approaches on Ottawa dataset. (a) PCA-K. (b) MSFCM. (c) MRFFCM. (d) ITDI-GC. (e) PCANet. (f) HGC.

FIGURE 14. Change maps of experimental approaches on San Francisco dataset. (a) PCA-K. (b) MSFCM. (c) MRFFCM. (d) ITDI-GC. (e) PCANet. (f) HGC.

the change level simultaneously. Inspired by the filtering
strategy, some approaches, such as MR, NR and NLMR, take
advantage of local pixels or patches to smoothly measure
changes. Moreover, other approaches, like CDI and DWT,
employ the comprehensive information from different oper-
ators or attributes to optimize the description of changes.
The proposed approach combines both of the above strategies
by introducing heterogeneous graph, in which the intensity

and structural attributes are integrated into vertices, and the
multiple relationships of these attributes are defined as two
type of edges. These attributes describe the surface informa-
tion from different aspects, leading to improved perception of
changes. Furthermore, a global filtering is constructed in the
graph domain by the hyper-adjacency characteristic derived
from multiple relationships, thereby suppressing speckle
noise effectively. Therefore, the proposed HG approach can

VOLUME 10, 2022 44357



J. Wang, A. Zhang: SAR Image Change Detection Based on Heterogeneous Graph With Multiattributes and Multirelationships

FIGURE 15. Change maps of experimental approaches on Lu’an dataset. (a) PCA-K. (b) MSFCM. (c) MRFFCM. (d) ITDI-GC. (e) PCANet. (f) HGC.

FIGURE 16. Change maps of experimental approaches on Huai River dataset. (a) PCA-K. (b) MSFCM. (c) MRFFCM. (d) ITDI-GC. (e) PCANet. (f) HGC.

FIGURE 17. The independent performance analysis of heterogeneous
graph cuts on Ottawa dataset. (a) MR-KI. (b) MR-GC. (c) MR-HGC.
(d) HG-KI. (e) HG-GC. (f) HG-HGC.

generate the difference image with good separability, which
has been proved in section 3. Here, the FA and GD are
set as the horizontal and vertical axes, and plot the receiver
operating characteristic (ROC) curves [45], in order to com-
pletely evaluate the difference images at different thresholds.
In general, the bigger is the area under the curve, the better

is the separability of the approach represented by the curve.
The ROC curves for all experimental approaches and datasets
are shown in Fig. 18. It can observe that the proposed HG
(red one) considerably outperforms other ones. It means that
the change measure strategy based on heterogeneous graph is
more effective than those based on other approaches at any
thresholds.

As the post-processing of change measure, the core task of
change analysis is to ensure that the flatness of unchanged
regions and the integrity of changed regions in the final
change map. This requests for an unbiased and stable change
detection approach. We present the statistics charts of FN,
FP, PCC and κ for all approaches based on the four datasets,
as shown in Fig. 19. The MSFCM andMRFFCM approaches
are biased toward higher false detection both on the Lu’an
and Huai River datasets. Their means of FP are respectively
1930 and 4536, higher than other approaches, indicating
an insufficient performance in anti-noise. The PCA-K and
ITDI-GC approaches appear over-smoothed, showing biases
toward high miss detection. The PCANet approach shows
marked instability, as it exhibits extreme biases on the Lu’an
and Huai river datasets while performs well on other datasets.
This is probably due to the lack of accuracy for the auto-
matically generated samples. For change detection tasks, the
key problem to be solved for the approaches like PCANet is
to free the classifier from its dependence on sample anno-
tations. The proposed HGC approach is stable and unbiased
because of the introduction of multi-attributes and multi-
relationships, and it gets balanced FN and FP values on
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FIGURE 18. The performance analysis of different change measure approaches on four SAR datasets. (a) Ottawa. (b) San
Francisco. (c) Lu’an. (d) Huai River.

FIGURE 19. The performance analysis of different change detection approaches on four SAR datasets. (a) FP; (b) FN; (c) PCC; (d) κ .

the four experimental datasets, leading to the highest PCC
and κ . These are powerful proofs for the effectiveness of our
proposed approach.

In section II-B, the heterogeneous graph is constructed
based on the coupling neighborhood and the K nearest neigh-
bor rules. The parameter M controls the connections of
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FIGURE 20. Kappa coefficient of the proposed HGC for different K and M
on the Ottawa dataset (ENL = 12.5 and 12.6).

FIGURE 21. Kappa coefficient of the proposed HGC for different K and M
on the Huai River dataset (ENL = 3.12 and 2.62).

vertices in the same layer. Therefore, it can decide the struc-
ture of the heterogeneous graph and affect the results of
change detection. If the parameter M is assigned with a
smaller value, the overall relevance of vertices in the same
layer would become lower. The resultant less information
of neighboring vertices reflected by hyper-adjacency char-
acteristics would lead to a weakened anti-noise performance
for the HGC approach. The parameter K possesses similar
properties to M , except that it controls the connections of
vertices from different layers. For further analysis, K is set
to 1, 4, 8, 16, 25, 36, and M is set to 1, 5, 9, 13, 17, 21,
25, 30 to test the fluctuations of κ on Ottawa and Huai River
datasets, respectively. The results are shown in Fig. 20 and
Fig. 21. Each square represents the value of κ under the
corresponding parameters. It can be observed that the κ rises
first and then falls in both of the two charts. The lowest κ
always appears at the bottom left corner (K = 1 andM = 1),
and their corresponding change maps exist many spots in the
unchanged areas. The κ values of the upper right squares are
also unsatisfactory as their change maps are over-smoothing.
For the Ottawa dataset, the highest κ appears when K = 8
and M = 9, and its surrounding κ values are also decent.
In general, K = 8 andM in the range of 5 to 17 are beneficial
for the proposed HGC approach to detect the changes of
Ottawa dataset. For the Huai River dataset, the highest κ
appears when K = 16 andM = 17. The optimum value range

for K is 8 to 16, and the range for M is 13 to 21, indicating
that largeK andM aremore suitable for detecting the changes
of Huai River dataset. Considering the equivalent number of
looks (ENL) of these two datasets, large values are suggested
for these parameters when the SAR images show high noise
level.

V. CONCLUSION
In this paper, a heterogeneous graph with a dual-layer
structure is proposed for SAR image change detection.
The graph can describe the surface information of SAR
images in terms of intensity and structural attributes. Mean-
while, the hyper-adjacency matrix is designed to quantify
the multi-relationships of different attributes. The change
measure is implemented by comparing the derived hyper-
adjacency characteristics of bi-temporal SAR images, and
thus generating the difference image with good separability.
Finally, heterogeneous graph cuts algorithm is presented to
obtain the change map through cutting off the weakly related
edges of heterogeneous graph on the difference image. Exper-
iments based on four real SAR images are performed to val-
idate the effectiveness of the proposed approach. Qualitative
and quantitative analyses manifest that our proposed graph-
driven change detection approach outperforms other state-of-
art approaches. Furthermore, ablative experiment indicates
that heterogeneous graph-based difference image generation
makes a greater contribution to improving the accuracy of
change detection.

In fact, there exists the scalability problem for the pro-
posed graph-driven change detection approach, since the
size of hyper-adjacency matrix is proportional to the num-
ber of vertices N and the dimension of attributes Q. The
computational time could become longer when the number
of vertices or attributes increases. Thus, the computational
complexity of the HGC approach is O{(QN)2}. There are
some ways to alleviate this problem, such as the factorization
of hyper-adjacency matrix or the introduction of superpixel.
The scalability issue will be addressed in future works.
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